Introduction
The Collegiate Learning Assessment (CLA) measures student skills in problem solving, analytic reasoning, critical thinking, and writing. The program focuses on these skills because they are applicable to a wide range of academic majors and are valued by employers. The program's goals are to provide colleges and universities with information about (1) how much improvement their students have made between the freshmen and senior years, and (2) whether that improvement is more or less than would be expected given the progress made by students at other schools. This information is intended to supplement rather than replace the way schools assess learning outcomes. Because CLA results are intended for internal use, the program does not publish individual or school level data.
One objective, then, is to measure "value added" by educational programs in colleges and universities-namely, the contribution each school makes to student learning in the areas tested. The CLA measures value added by comparing freshmen and seniors on tests that assess the skills described above. The CLA has attracted a great deal of attention, 1 and concerns have been expressed about its method for estimating value added. Here, we address those concerns.
We begin by describing how the CLA computes value added. Next, we summarize the criticisms, which revolve around the question of which students take the CLA tests. Typically, samples are not random, so that selection bias is a concern, as is confounding. We respond to the critics by showing that (1) the students who take the CLA tests are very similar to their classmates on SAT scores and other background characteristics; (2) participating seniors are very similar to participating freshman; (3) once there is control for SAT scores, performance on CLA tasks is not related to the content area of the task, student academic major, student demographic characteristics, or school characteristics like size. Thus, criticisms of CLA procedures are not supported by the data.
We then outline the research being conducted by the CLA, including the development of a new way to compute value added. This new method continues to use many of the key procedures employed by the old method, like cross-sectional comparison groups and covariate adjustments. The paper ends with a summary.
Current Procedures
Colleges and universities invite a sample of their freshmen and seniors to participate in the CLA program. Students who participate are often provided material incentives such as extra course credit, a gift certificate, or money. Alternatively, some schools embed the CLA in freshman writing or senior capstone courses. All the CLA tests are administered over the Internet and require open-ended responses. There are no multiple choice questions. The program uses six performance tasks and two types of essay questions ("make an argument" and "break an argument").
Because of time constraints, a student does either one performance task or two essay questions-one of each type. Although each student takes only a small portion of the test battery, all the questions are administered at each school. Questions are assigned randomly to students within a school, subject to balance conditions. 2 This procedure is called "matrix sampling."
Scores on the different CLA tests are converted to a common scale so that they can be combined across students to compute school means. The program informs schools about the difference in mean CLA scores between freshmen and seniors, and whether that difference is larger than, about the same as, or smaller than differences that are typically observed. CLA scores may be affected by differences in student ability prior to matriculation. Consequently, scores are adjusted for student ability.
The computation of a school's value added score utilizes the CLA scores and the test-takers'SAT scores or ACT scores if SAT scores are not available. ACT scores are converted to the SAT numerical scale using a table developed by the College Entrance Examination Board and adopted by virtually all college admissions officers (Dorans 1999) . "Value added" is obtained as follows:
1) Regress mean freshman CLA scores on mean freshman SAT scores, with the school as the unit of analysis.
2) Use the equation from Step 1 to compute each school's residual, namely, its actual mean CLA score minus the "expected" value from the regression. (The expected value is usually referred to as the "predicted" or "fitted" value from the regression line.)
3) Repeat Steps 1 and 2 for the seniors. 4) A school's value added score is the difference between its residual for seniors and its residual for freshmen.
Value added scores are reported in five bands: well above, above, near, below, and well below expected. The percentage of schools in each band is preset at 10%, 20%, 40%, 20%, and 10%, respectively.
The freshman regression equation explains 79% of the variance in mean CLA scores across schools, whereas the senior equation explains 76%. The equations have nearly identical slopes. However, the senior equation has a larger intercept-because seniors generally earn higher CLA scores than freshmen. Klein et al. (2007) gives the rationale for the value added approach, as well as additional details on the CLA testing program. Also see Shavelson (2008) .
Empirical results
We identified 93 schools that participated in the National Center for Education Statistics Integrated Postsecondary Data Systems (IPEDS) and had-1) at least 25 freshmen taking the CLA in the fall of 2006 and at least 25 seniors taking it in the spring of 2007, each of these students having an SAT or ACT score, as well as complete data on age, race/ethnicity, gender;
2) complete data for the IPEDS school-level variables that will be used (including freshman median SAT, breakdown of undergraduates by race/ethnicity and gender, retention rate).
Data on CLA participant characteristics were obtained from a questionnaire completed by students before taking the test; SAT or ACT scores were obtained from registrars' offices. The empirical results reported below are based on these CLA and IPEDS data, unless otherwise noted. (Seventeen schools in the CLA program, enrolling 8% of the students, were excluded because data were missing on some variables.) To begin with, the left hand panel of Figure 1 shows a scatter diagram of mean CLA scores against mean SAT scores for freshmen; each data point represents one school. The right hand panel is for seniors. The senior data has the same shape as the freshman data, but the cloud of points is shifted upwards and a little to the right. Figure 2 shows a histogram for the value added scores: the scale is set up so that value added is zero for a typical school.
Criticisms
This section describes the main criticisms of the CLA method for computing value added and our response to those concerns. 3 Differences Between Schools. Students who participate in the CLA program at one school may, on the average, be stronger academically than those who participate at other schools. The CLA program uses the test-takers' SAT scores to control for such differences. However, students attending different schools may differ in ways that are related to CLA scores but not to SAT scores. This is a concern for some critics, because the SAT may not control for all the preexisting factors that cause differences in CLA scores across institutions.
To investigate that concern, we used the CLA data to construct a regression equation predicting a school's mean CLA score on the basis of (1) its mean SAT score and (2) its mean SAT score plus mean age, percent minority, and percent female. The unit of analysis was the school. Equations were constructed separately for freshmen and for seniors, resulting in two value added scores for each school-one adjusted for SAT, the other adjusted for SAT, age, race, and gender. The correlation across schools between the two value added scores was 0.96: see Figure 3 . In short, after adjusting for SAT, other potential confounders do not matter.
We used the same strategy to investigate whether school characteristics mattered. Specifically, we replaced age, percent minority, and percent female as predictors with the following school-level IPEDS variables: number of full time equivalent students at the school, percent receiving Pell grants, 4 percent minority, an index of the school's selectivity, 5 whether the school is public or private, whether it grants doctoral degrees, whether it grants masters degrees. The correlation between the value added scores from the equations that did and did not include the IPEDS variables was 0.96. Thus, including the IPEDS variables in the equations had virtually no effect on a school's value added score once there was control on SAT scores. This is consistent with findings reported for students who took the CLA during the 2005-2006 school year (Klein et al. 2007 ). In short, differences between schools are unlikely to introduce bias. CLA Participants Are Like Non-Participants. The CLA program encourages schools to test random samples of at least 100 freshmen and 100 seniors. However, most schools use convenience samples. Even with random samples, many students who are invited to participate will not do so, and those who actually participate may not be like a random sample from those who are invited to participate. 6 For such reasons, critics are concerned about selection bias.
We investigated this issue by comparing the SAT scores of the freshmen in the CLA program at a school with the SAT scores of all freshmen. We also compared the percentage of minority students among those tested in the CLA program with the percentage of such undergraduates at the school; likewise for females. Table 1 shows that those participating in the CLA program are a lot like their classmates. For example, there was only a 10 point difference in the Notes: Freshmen and seniors had standard deviations (SD of means across schools) that were nearly equal for each variable; the means of the two SDs are tabled. The SDs of percent minority and percent female in IPEDS were 18.1 and 11.6, respectively; the SD of freshman SAT was 123.8. There were 9057 freshmen and 6926 seniors in the CLA data. With the individual student as the unit of analysis rather than the school, the SDs would be considerably larger.
mean SAT scores, compared to a 97 point standard deviation (Table 2 ). With the school as the unit of analysis, there was a 0.95 correlation between the mean SAT score of the CLA freshmen participants and the mean SAT score of all freshmen at the school. The only difference of note is that women were somewhat more likely than men to participate. However, as reported above, if SAT is used to predict CLA scores, adding gender to the equation makes little difference.
Participating Seniors Are Like Participating Freshmen, Except for the Differences in
Ages and CLA Scores. Some critics say it is inappropriate to compare seniors to freshmen because seniors who participate in the CLA program may be systematically different from the freshmen. To investigate that concern, we compared the freshmen and seniors on mean CLA score, mean SAT score, mean age, percent minority students, and percent females. Results are shown in Table 2 .
The 97 point difference in mean CLA scores between freshmen and seniors corresponds to a whole standard deviation, whereas the 20 point difference between freshmen and seniors on the SAT corresponds to only 0.16 standard deviations. Thus, participating seniors look a lot like the participating freshmen, except that on the average they are 4 years older and have a much higher mean CLA score. Table 2 suggests that differential selection bias (between seniors and freshmen) is small. Controlling for SAT will make this bias even smaller. Results for the 2007-2008 academic year are virtually the same.
Differential Retention. Differences in retention rates are a potential source of differential selection bias between freshmen and seniors, and between schools. Academically stronger students are more likely to stay in college than their weaker classmates: seniors have higher SAT scores than freshmen ( Table 2 ). As noted above, the difference is only 0.16 standard deviations, which cannot account for much of the one standard deviation difference between senior and freshman CLA scores, nor can it create much bias. Controlling for SAT scores reduces bias even further. Interestingly, schools with stronger students tend to have higher retention rates than schools with weaker students: there is a correlation of 0.75 between a school's retention rate and its mean SAT score. Furthermore, the difference between a school's senior and freshman mean SAT scores is smaller at the schools with relatively high retention rates than it is at schools with relatively low retention rates.
Differential retention across schools tends to inflate estimates of value added for schools with low SAT scores, because it is the weaker students at these schools who drop out, while the stronger ones remain. That will inflate the mean CLA score of seniors at those schools. By contrast, differential retention does not seem to affect value added scores at schools with relatively high SAT scores. 7 Intentional Selection. Some critics have argued that schools may try to stack the deck, for example, by choosing their best students to take the CLA tests. Table 2 shows this did not happen. Nor would it work. To stack the deck, a school would have to find freshmen who under-perform on the CLA (relative to their SAT scores) and seniors who over-perform-a tall order at best.
Longitudinal vs. Cross-Sectional Designs. Some critics have suggested replacing the CLA cross-sectional design with a longitudinal one. As we have indicated, biases in the cross-sectional design are likely to be small. Longitudinal designs do have advantages, but they also have drawbacks. For example, results may be stale by the time they can be reported. Panel bias is another drawback: participants lose interest and motivation. 8 Differential dropout is a third problem. The high cost of longitudinal studies should also be mentioned. On balance, the cross-sectional design seems preferable.
Matrix Sampling of Tasks. Some critics have objected to the fact that a student responds only to a sample of the CLA questions. However, the sample is balanced within schools. Thus, sampling is unlikely to introduce bias. Sampling does introduce random error. The amount of error will decrease as more students participate.
Interaction Between Task Content Area and Academic Major. Some of the CLA tasks (particularly the 90-minute performance tasks) may fit some academic areas better than others. Thus, how well a student performs on a task may depend on the student's academic major. According to critics, that could be a problem. Shavelson (2008) investigated this concern using seniors who took a CLA performance task during spring 2007. He assigned each performance task to one of three content areas (science, social science, or humanities). Students self-identified the area of their major as science and engineering, social science, humanities, other. Finally, Shavelson constructed five studentlevel regression equations using combinations of SAT scores and dummies for task area and major area to predict CLA scores. Once SAT is in the model, other variables have almost no effect on predictive accuracy or value added (Table 3) .
Maturation. Seniors with a given SAT score generally earn higher CLA scores than freshmen with the same SAT score. According to the critics, part of this difference is due to maturation rather than the school's educational program. In short, the CLA value added scores may overstate the benefits of the educational experience.
We agree that the difference between freshman and senior CLA scores may be affected by maturation. However, maturation would not affect the value added scores unless there are differences between schools in maturation rates. If students mature faster (in ways that affect their CLA scores) at some schools than they do at others, that difference should be credited to a school's value added score-which is what the CLA does.
Linearity and homoscedasticity. Questions have been raised about linearity and homoscdasticity. By way of example, consider the regression of freshman mean CLA scores (Y ) on their mean SAT scores (X); the unit of analysis is the school. Data are shown in Figure 1 . Let a be the intercept and b the slope of the fitted regression line, so the "fitted value"is a + bX and the "residual" is Y − a − bX. Figure 4 plots residuals against fitted values. The data in Figure 1 seem quite linear; this is confirmed by the absence of Figure 4 . But there is a hint of heteroscedasticity-more variance at the left in Figure 4 , less at the right.
To investigate this apparent heteroscedasticity, we computed an F statistic by ordering the fitted values from smallest to largest. The numerator of the statistic was the sum of squares of the residuals corresponding to the 18 smallest fitted values; the denominator was the sum of squares of the residuals corresponding to the 18 largest fitted values. The figure suggests that F should exceed 1. Indeed, F = 1.19.
Is this significant? To answer the question, we made a permutation test, randomly permuting residuals against fitted values to construct new Y 's, computing F from the new data, and seeing what fraction of the new F 's exceeded the F in the real data. This gave a one-sided P -value of 36%. We also used the parametric bootstrap, and got a one-sided P -value of 38%. The heteroscedasticity in Figure 4 is more apparent than real. 9
Planned Research
Method for Computing Value Added. As explained above, the CLA program currently uses a linear regression model where the school is the unit of analysis and the school's mean SAT score is the sole explanatory variable. The CLA is examining another way of computing value added that may have certain advantages (Klein and Freedman 2008) . This new method uses a regression model where the student is the unit of analysis and the predictors are the student's SAT score and a dummy variable for each school. 10 Additional characteristics also may be used as predictors in a sensitivity analysis.
There are separate equations for freshmen and seniors. The coefficient of a school's dummy variable is its "effect." These may be centered at an overall average. Value added by a school is computed as the difference between the effect on seniors and on freshmen. The new method has two advantages: (1) it gives a standard error for each school's value added score, and (2) it gives a residual score for each student that could be used in future research studies.
Transfer Students. Several schools in the CLA program have large numbers of both continuing and transfer students. Students who transfer typically do so between their sophomore and junior years. A school probably has a greater impact on those who took all their courses at the school from which they are graduating than those who took many courses at other schools. Transfers are therefore likely to dilute the school effect, biasing value added scores toward the overall average. The CLA program plans to conduct analyses at some of the schools with large numbers of transfers to assess the impact on value added.
Longitudinal vs. Cross-Sectional Designs. In 2005, the CLA program started a longitudinal study with 50 colleges across the country. This study will provide an opportunity to compare the longitudinal results at the roughly 35 schools that remain in this sample with the results from a cross-sectional design at those same institutions. The study will allow an assessment of the ways in which the two types of designs yield convergent or divergent estimates of value added.
Case Studies. The CLA program has begun on-site visits and interviews of students, faculty, and administrators at schools where the freshmen and seniors repeatedly score very differently from their expected levels; and at schools with unusually high or unusually low value added scores. These visits are intended to generate hypotheses about the sources of these differences. Possible explanations include student motivation and the nature of their high school academic program. This research may identify additional confounders that need to be considered. Or, it may help to resolve lingering concerns about selection bias. Summary 1) Students who participate in the CLA program are very similar to their classmates on the dimensions we examined.
2) Except for being four years older (and scoring much higher on the CLA) participating seniors are a lot like participating freshmen.
3) The differences in background characteristics between participants and non-participants (like the differences between freshmen and seniors) are too small to matter-given the large difference between freshmen and seniors in CLA scores.
4) Adding different kinds of variables to a regression equation that includes SAT scores does not improve accuracy in predicting CLA scores, which reinforces points 1-3. 5) Although various kinds of selection bias are possible, the available data indicate that such biases are too small to matter (points 1-4).
6) Random selection of participants is not feasible-nor do we think it necessary, in view of point 5.
7) Longitudinal designs do not appear to be any better than the current cross-sectional design.
8) Like the concerns about selection bias, other concerns that have been voiced by critics (such as maturation, matrix sampling of measures, interactions, and stacking the deck) are unfounded.
7. In our sample of 93 schools, there was a −0.27 correlation between a school's retention rate and the difference between senior and freshman mean SAT. Among the 20% of the schools with the highest retention rates, the difference between senior and freshman mean SAT scores was 2 points; among the lowest 20%, the difference was 38 points.
8. Freedman et al. (2007: 398) discusses panel bias in the Current Population Survey.
9. The cutpoint of 18 was chosen in conformity with note 7, as 20% of the number of schools. Changing the cutpoint to 10% or 5% makes little difference to the outcome. Results are similar for seniors, although significance is achieved when the cutpoint is 10%. The permutation test is explained in Freedman and Lane (1983) ; on the bootstrap, see for instance chapter 7 in Freedman (2005) . The appearance of heteroscedasticity in Figure 4 may be due in part to a long right hand tail in the distribution of fitted values: there are fewer data points at the far right of the figure than the far left, so the vertical range is smaller.
10. This is a straightforward analysis of covariance model, with schools as treatments and SAT as the covariate. There are unequal numbers of subjects at each level of treatment. Such models are also called "fixed effects models." Value added may be computed separately for different components of the CLA test battery.
